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ABSTRACT

This supplementary materials file contains 3 appendices of the main manuscript "A minimal model for gene expression
dynamics of bacterial toxin-antitoxin systems"

Appendix A – Estimation of parameters uncertainty
We use stochastic Monte Carlo simulations in order to accurately determine the variances and covariances of the parameter
estimates, following the process proposed in1. For each toxin-antitoxin pair, we generate Q = 10 sets of times-series model
output data, each set consisting of N = 5 stochastic (random) output data points for the toxin and N for the antitoxin, 2N
times Q data points in total. These points are chosen from a Gaussian random process with zero mean and standard deviation
σD = 0.1, superimposed on simulated deterministic model outputs, based on the best estimate of the parameters of the Z-model.
We will we the symbol p̂0 for these values of the parameters, which are termed the nominal values in the literature. This
simulated stochastic data is then used to obtain a sequence of Q new model parameter estimates p̂1, p̂2, . . . , p̂Q by fitting the
Z-model outputs to the Q sets of stochastic data. The algorithmic steps for the estimation are as follows:

1. We generate Q sets of time-series data, each consisting of N toxin data points and N antitoxin data points, by simulating
the noisy outputs z′k = zk

(
p̂0
)
+ ek,k = 1, . . . ,N, where ek are normally distributed random numbers with zero mean and

standard deviation σD = 0.1. The zk
(

p̂0) are the simulated outputs of the (deterministic) Z-model, using the best estimate p̂0

available.
2. We then run the parameter search algorithm for each of the Q sets of simulated data, thereby determining a sequence of

Q new parameter estimates p̂1, p̂2, . . . , p̂Q

3. Finally, we determine the sample statistics for the estimated sequence of parameters, i.e. the sample means p̂, sample
variances σ

2 and sample covariances
−→
COV

(
p̂ j) for the parameter estimates.

Our results for each toxin-antitoxin pair are included in the supplementary materials. We include data for the covariances,
correlations and the coefficient of variation CV = σ/µ i.e. the ratio of the standard deviation to the mean for each parameter and
each TA pair. Overall, the observed standard deviations for our parameter are within acceptable ranges and those estimates tend
to improve significantly, if we increase the number N of the simulated data points, indicating that the Z-model is numerically
identifiable1.

Appendix B – Different environmental conditions
We would like to see whether the Z-model is capable to describe the TA gene expression profile for a different high-throuput
experiment with different environmental conditions. To this end we use data from3 which are publically available (GEO
accession number: GSE131992). This dataset contains gene expression of E. coli at 29 timepoints obtained by switching the
culture conditions between starvation and growth. We have used the expression data of ten timepoints from the culture during
carbon starvation with time t = 0 corresponding to the beginning of the carbon starvation phase. As initial conditions we have
used the gene expression data immediately before carbon starvation starts. We have been able to obtain good fits for this dataset
also, and, since the parameter space to be investigated is rather large, it is possible that even better accuracy will be achieved
under a more exhaustive search. A full analysis of this dataset will be the subject of a subsequent publication. Here, in Fig. 1
we present results for 12 TA pairs, i.e. the 11 pairs of the main document and the mazE-mazF pair whose expression levels are
not available in our main dataset.

To compare the values of the constants that we obtained for the different TA pairs under these environmental conditions we
apply a Principal Component Analysis (PCA) similar to the one performed for Fig.8 in the main text. For cluster identification,
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Figure 1. Toxin and antitoxin concentrations as a function of time for 12 TA pairs of E. coli. Points represent RNA-Seq data
from3 for antitoxin (circles) and toxin (x-symbols). Solid lines show the result (z1(t)) of the numerical solution of the ODE
system, Eqs. (1-3 main document), for the antitoxin. Dashed lines show the corresponding variable (z2(t)) for the toxin.
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we once again applied a DBSCAN algorithm with parameter eps = 0.82.
Figure 2 (top) shows a plot of the largest (PC1) vs. the second largest (PC2) principal components. Again a central cluster

is identified comprising 8 TA pairs and four outliers (mazE-mazF, yefM-yoeB, ymcE-gnsA and hicB-hicA).
Finally, we have considered analysing the both experiments together. Thus, we performed PCA on all 11 + 12 TA pairs and

plot the result in Fig 2 (bottom). It is intriguing to see that again a central cluster is identified and only three outliers appear,
namely yefM-yoeB of the first experiment and second experiments, and hicB-hicA of the second experiment.

With the model parameters estimated for 11 toxin-antitoxin systems in both transcriptome profiles, we can see whether – in
spite of the short time series and differences in experimental conditions – the parameter estimates for the same TA pairs are
similar between the two datasets. In the PCA plot, this is not apparent, and, indeed, distances in the PCA plane between same
TA systems are similar to distances between randomly chosen TA systems.

We expect differences in estimated parameters to mainly come from two sources: (1) functional differences between TA
systems, (2) differences in experimental conditions. Furthermore, we expect that some of the model parameters are more
sensitive to the first differences, while others are more sensitive to the second.

In order to quantitatively assess this sensitivity, we statistically analyze parameter differences between the two experiments
via a proximity network approach: For each parameter P, we connect each TA system from the first experiment with the
two closest TA systems from the second experiment, yielding proximity network G1(P). Next repeat this procedure for the
second experiment, connecting each TA system to the two closest TA system from the first experiment, giving proximity
network G2(P). The final proximity network is obtained by taking the union of the node sets and edge sets of G1(P) and
G2(P), yielding the final proximity network G(P) (which is now symmetrized between the two experiments). The network
contains two types of edges, those connecting same TA pairs (type-1 edges) and those connecting different TA systems (type-2
edges). We hypothesize that parameters, for which the proximity network contains unexpectedly many edges of the first type
(connecting same TA pairs), are particularly sensitive to differences between TA systems (as often the same TA system has
similar parameter values in different data sets). A null model of randomly shuffled TA systems in the edges of the parameter
proximity network allows us to compute a z-score for the density of type-1 edges in the proximity network for each parameter.
A few cases with z-scores larger than 1 stand out: d2, d3 and s2. Other parameters have z-scores smaller than −1 (and hence
seem sensitive to differences in experimental conditions, rather than functional differences between TA systems): s1, c0 and bm.

This sensitivity analysis based on parameter proximity networks, which we introduced here, is from our perspective a
convenient way of discriminating these two types of sensitivity.
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Figure 2. Plot of the largest (PC1) vs. the second largest (PC2) principal components. Top: Analysis of the second
experiment. Bottom: Both experiments analysed as one. Pairs from the first experiment are noted with all letters small
(e.g.dinj_yafq) while these of the second with the last letter capitalized (e.g.dinJ_yafQ).
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Appendix C – Tables

Central Cluster: dinJ-yafQ, relB-relE, yafN-yafO, higA-higB, hipB-hipA, hicB-hicA and mqsA-mqsR
Antitoxin Toxin

TA1 Antitoxin DinJ Antitoxin component of a
type II toxin-antitoxin (TA) system. A la-
bile antitoxin that counteracts the effect of
cognate toxin yafQ. yafQ and dinJ together
bind their own promoter, and repress its ex-
pression (PubMed:24898247).

mRNA interferase toxin yafQ Toxic compo-
nent of a type II toxin-antitoxin (TA) sys-
tem. A sequence-specific mRNA endori-
bonuclease that inhibits translation elonga-
tion and induces bacterial stasis

TA2 Antitoxin RelB Antitoxin component of a
type II toxin-antitoxin (TA) system. Coun-
teracts the effect of cognate toxin RelE via
direct protein-protein interaction, prevent-
ing RelE from entering the ribosome A site
and thus inhibiting its endoribonuclease ac-
tivity.

mRNA interferase toxin relE Toxic com-
ponent of a type II toxin-antitoxin (TA)
system. A sequence-specific, ribosome-
dependent mRNA endoribonuclease that in-
hibits translation during amino acid starva-
tion (the stringent response).

TA3 Antitoxin yafN Antitoxin component of a
type II toxin-antitoxin (TA) system. Func-
tions as an mRNA interferase antitoxin;
overexpression prevents yafO mediated ces-
sation of cell growth and inhibition of cell
proliferation.

mRNA interferase toxin YafO Toxic compo-
nent of a type II toxin-antitoxin (TA) sys-
tem. A translation-dependent mRNA inter-
ferase. Overexpression causes cessation of
cell growth and inhibits cell proliferation
via inhibition of translation; this blockage
is overcome by subsequent expression of
antitoxin yafN.

TA4 Antitoxin higA: Antitoxin component of a
type II toxin-antitoxin (TA) system. Func-
tions as an mRNA interferase antitoxin

mRNA interferase toxin higB Toxic com-
ponent of a type II toxin-antitoxin (TA)
system. A probable translation-dependent
mRNA interferase.

TA5 Antitoxin hipB Antitoxin component of a
type II toxin-antitoxin (TA) system. Neu-
tralizes the toxic effect of cognate toxin
hipA Also neutralizes the toxic effect of
non-cognate toxin yjjJ.

Serine/threonine-protein kinase toxin hipA
Toxic component of a type II toxin-
antitoxin (TA) system, first identified by
mutations that increase production of per-
sister cells, a fraction of cells that are phe-
notypic variants not killed by antibiotics,
which lead to multidrug tolerance. Persis-
tence may be ultimately due to global re-
modelling of the persister cell’s ribosomes.

TA6 Antitoxin hicB Antitoxin component of a
type II toxin-antitoxin (TA) system. Func-
tions as an mRNA interferase antitoxin.

Probable mRNA interferase toxin hicA
Toxic component of a type II toxin-
antitoxin (TA) system. A probable
translation-independent mRNA interferase.

TA7 Antitoxin mqsA Antitoxin component of a
type II toxin-antitoxin (TA) system. La-
bile antitoxin that binds to the mqsR mRNA
interferase toxin and neutralizes its endori-
bonuclease activity.

mRNA interferase toxin mqsR Toxic com-
ponent of a type II toxin-antitoxin (TA) sys-
tem. Plays a significant role in the control
of biofilm formation and induction of per-
sister cells in the presence of antibiotics.

Table 1. Central Cluster Toxin-Antitoxin pair description
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Outliers
Antitoxin Toxin

TA1 Antitoxin yefM Antit oxin component of a
type II toxin-antitoxin (TA) system. Anti-
toxin that counteracts the effect of the YoeB
toxin.YefM binds to the promoter region of
the yefM-yoeB operon to repress transcrip-
tion, YeoB acts as a corepressor.

Toxin YoeB Toxic component of a type II
toxin-antitoxin (TA) system. Its mode of
function is controversial; it has been pro-
posed to be an mRNA interferase but also
an inhibitor of translation initiation. When
overproduced in wild-type cells, inhibits
bacterial growth and translation by cleavage
of mRNA molecules while it has a weak ef-
fect on colony forming ability. Overproduc-
tion of Lon protease specifically activates
YoeB-dependent mRNA cleavage, leading
to lethality.YefM binds to the promoter re-
gion of theyefM-yeoB operon to repress
transcription, YeoB acts as a corepressor.

TA2 Antitoxin ydaT Antitoxin component of a
type II toxin-antitoxin (TA) system. Neu-
tralizes the toxic effect of cognate toxin
ydaS

toxin YdaS oxic component of a type II
toxin-antitoxin (TA) system

TA3 Antitoxin ymcE Antitoxin component of a
type II toxin-antitoxin (TA) system.

Toxin gnsA Toxin of a type II toxin-
antitoxin (TA) system.

TA4 Antitoxin yfjZ Antitoxin component of a
type IV toxin-antitoxin (TA) system. An-
titoxin that counteracts the effect of cog-
nate toxin YpjF (PubMed:28257056). Also
counteracts the effect of non-cognate toxins
CbtA and YfkI

Toxin YpjF Toxic component of a type IV
toxin-antitoxin (TA) system. Acts as a dual
toxin inhibitor that blocks cell division and
cell elongation in genetically separable in-
teractions with FtsZ and MreB

Table 2. Outliers - Toxin-Antitoxin pair description
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